Abstract-Disposition effect is the tendency of investors to ride losses and lock in gains. Capital gains overhang is a quantity used in the prior literature to construct hypothesis tests for the existence of the disposition effect using publicly available stock market data. This quantity estimates the difference between the current price of a stock and the average price at which the currently held shares of the stock have been purchased by their current owners. Momentum effect is the tendency of the recent price trends to persist. We construct a number of trading strategies based on the capital gains overhang and momentum. We use the US stock market data to show that these strategies were consistently profitable during 1980-2013, and negatively correlated with the market. These conclusions hold even after eliminating small-cap and small-price stocks that may be difficult to trade, and after introducing a realistic trading cost for every transaction. We find a high empirical correlation between the strategies based on momentum and on the capital gains overhang, and argue that the former may be preferable for practitioners because of better performance and simpler implementation. These results also suggest that, rather than measuring the disposition effect, the capital gains overhang may simply be a proxy for momentum. Our findings would be of interest to portfolio managers, quantitative traders, researchers who analyze financial signals, as well as ordinary investors seeking to avoid common investor biases.
I. INTRODUCTION
Disposition effect is the tendency of investors to ride losses and lock in gains. While its existence had been suggested in the literature since at least the 1970s [18] , the term "disposition effect" was coined by Shefrin and Statman in 1985 [26] . Since then some empirical evidence has been gathered to support the existence of this effect in a number of studies [2] , [4] - [6] , [9] , [12] , [15] , [19] , [21] , [22] , [26] , [30] . Momentum effect is the tendency of the recent price trends to persist, and has been shown to exist during various historical periods and over various time scales in many empirical studies [1] , [3] , [8] , [11] , [17] . Possible relationships between these two effects, including the possibility that the former is
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one of the causes of the latter, have been researched in [14] , [15] .
Empirical literature on the disposition effect has two main strands: the analysis of individual investors' behaviors based on unique data sets, and the aggregate analysis based on publicly available data. Examples of the latter are studies by Grinblatt and Han [15] and Frazzini [13] . In order to conduct their empirical tests for the existence of the disposition effect, Grinblatt and Han [15] introduce a quantity called the capital gains overhang, which estimates the difference between the current price of a stock and the average price at which the currently held shares of the stock have been purchased by their current owners. Using the US stock market data from July 1967 until December 1996, Grinblatt and Han detect a monotone relationship between the average future returns of a portfolio and its average capital gains overhang.
Frazzini [13] combines the capital gains overhang with another quantity called the cumulative abnormal return [16] , [29] . The cumulative abnormal return can be computed for each stock and has been used since at least the 1980's as a proxy for the sentiment of the news regarding the stock.
The main objective of our paper is to empirically investigate momentum, the capital gains overhang, and the cumulative abnormal return using recent US stock market data. We construct a number of trading strategies based on these three quantities and show that these strategies were consistently profitable over a 34-year period from 1980 until 2013, and negatively correlated with the market. These conclusions hold even after eliminating small-cap and small-price stocks that may be difficult to trade, and after introducing a realistic trading cost for every transaction.
We construct trading strategies based on momentum and earnings that both outperform the strategies suggested by [15] and [13] and are highly correlated with them. Our second major finding is therefore that, contrary to the claims in the prior literature [13] , [15] , the capital gains overhang may simply be a proxy for momentum, rather than measuring the disposition effect. Moreover, from a practitioner's point of view, momentum-based strategies are superior to those in [15] and [13] both due to their larger historical returns and their more straightforward implementation.
The rest of the paper is organized as follows. Section II gives some background information on the disposition effect, and defines two main concepts used in the empirical tests in [15] and [13] : the capital gains overhang and cumulative abnormal return. The definition of the capital gains overhang involves a variable which is not observed. Two different estimators of the capital gains overhang are introduced in Sections II-B and II-C. Section III constructs strategies based on [13] and analyzes them by introducing trading costs into the model and eliminating small-cap and small-price stocks that may be difficult to trade. Section IV shows that the tests for the disposition effect presented in [13] may be viewed as tests for the momentum effect.
II. DISPOSITION EFFECT
Disposition effect is widely explained by the combination of prospect theory [18] and mental accounting [28] . Prospect theory was introduced by Kahneman and Tversky in 1979 to resolve several empirically observed inconsistencies of the expected utility theory. It holds that people try to maximize the value of their change in wealth, with the value function having the shape shown in Figure 1 . The main properties of this value function, supported by Kahneman and Tversky's empirical data, are the following.
• The value function is concave for gains and convex for losses.
• People are risk averse: the loss in value corresponding to the loss of $x is larger than the gain in value corresponding to the gain of $x, i.e.,
where V is the value function. Mental accounting theory holds that investors use their average purchase prices to compute their gains or losses. Combining this with the properties of the value function implies the tendency to exit an investment if its current price is above the average purchase price and to hold onto it if its price is below the average purchase price. To see this, suppose that the investor believes the price of his investment has a 50% chance to go up by $1 and a 50% chance to go down by $1. If the current price is above the investor's average purchase price, then the investor currently has a positive gain x and is in the concave "gain" region of the value function. This means that the expectation of the investor's value after the next move of the price is 0.5V (x − 1) + 0.5V (x + 1), which is smaller than V (x) because of the concavity of V around x. This would lead the investor to cash in and take his gain of x with value V (x). On the other hand, if the current price is below the investor's average purchase price, then the investor currently has a negative gain −x, and is in the convex "loss" region of the value function. This means that the expectation of the investor's value after the next move of the price is 0.5V (−x − 1) + 0.5V (−x + 1), which is larger than V (x) because of the convexity of V around −x. This would lead the investor to hold onto his investment. Many empirical studies [2] , [4] - [6] , [9] , [12] , [15] , [19] , [21] , [22] , [26] , [30] support disposition effect's existence. Odean [22] analyzes 10,000 accounts at a large discount brokerage house, and demonstrates that those investors are subject to the disposition effect. Dhar and Zhu [9] try to identify the differences in the disposition effect bias across 50,000 trading records of individual investors from a discount brokerage firm. They show that the wealthier individuals and individuals employed in professional occupations are less susceptible to the disposition effect. O'Connell and Teo [21] use a proprietary database of currency trades and also come to the conclusion that institutional investors show less disposition effect. Weber and Camerer [30] run portfolio selection experiments with human subjects to test whether the subjects exhibit the disposition effect when the stock prices are determined by the probability distribution known to them. The results show that the subjects do tend to sell winners and keep losers. Da Costa et al. [7] reproduce these experiments to study whether the gender affects the susceptibility to the disposition effect. They report that women are less prone to the disposition effect than men.
The disposition effect is observed internationally. For example, Chen et al. [4] analyze 46,000 brokerage accounts and 212 institutional investor accounts from China and conclude that Chinese investors suffer from the disposition effect. Individual investors are found to suffer from the disposition effect more than institutional investors. Choe and Eom [5] come to similar conclusions by analyzing the Korean stock index futures market.
Shefrin and Statman [26] look at 2,500 individual brokerage house customers over the period [1964] [1965] [1966] [1967] [1968] [1969] [1970] from the data set introduced in [24] , and argue that the way these investors realize gains and losses can be explained by a combination of the disposition effect and tax considerations. Ferris et al. [12] claim that it is the disposition effect that determines the yearend trading volume, not tax-loss selling. Barberis and Xiong [2] show that a realized gain/loss model predicts the disposition effect reliably. Kaustia [19] uses the trading volumes immediately following the initial public offerings (IPOs) to analyze the disposition effect and finds that the volumes are larger when the trading price exceeds the offer price and that the volumes are smaller when the trading price is below the offer price for the stocks that start trading below the offer price.
Grinblatt and Han [15] hypothesize that the disposition effect creates a spread between a stock's fundamental value and equilibrium value. Here, the fundamental value is the price in the absence of investors prone to the disposition effect, and the equilibrium value is the current market price. Without disposition-effect-prone investors, the fundamental value and equilibrium value should be the same, since the changes in the fundamental value would get immediately incorporated into the market price. In the presence of disposition effect investors, these two prices are assumed to gradually converge, as the fundamental value evolves while the equilibrium price catches up with it. As a proxy for the spread between the two prices, Grinblatt and Han define capital gains overhang. They show that from July 1962 to December 1996, this variable has a significant positive correlation with the future return.
Extending Grinblatt and Han's research, Frazzini [13] notes that stock prices appear to drift after major corporate news releases. He assumes that the degree of this price drift is determined by the news content and stocks' unrealized gains or losses. For example, stocks experiencing paper gains underreact to good news because the disposition-effect-prone investors tend to lock in gains, selling the stock and depressing its price. Likewise stocks experiencing paper losses will underreact to bad news as disposition-effect-prone investors hold on to losing stocks.
A. Capital gains overhang
Capital gains overhang, g t , characterizes an investor or a group of investors that have an aggregate long position in a particular security. It is a function of three variables: time t, the security, and the investor(s); however, our notation omits the explicit dependence on the last two variables as these will always be clear from the context. Capital gains overhang at time t for a security S and an investor (or a group of investors) A measures the deviation of the current price of the security from the investor A's reference price, as a percentage of the current price. The reference price, RP t , is a quantity computed at time t by each investor holding a long position in the security, as described below. The reference price and the capital gains overhang can be computed for any time instant. However, daily or monthly values of these variables are most commonly used since portfolios are typically rebalanced with such frequencies. Capital gains overhang for the security S and investor A at time t is defined as follows:
where P t is the price at time t and RP t is the reference price at time t. The reference price at time t for investor A is a weighted sum of the prices at which the investor bought his shares of S held at time t. Specifically, suppose that the purchases of all shares of S held by investor A at time t occurred at times τ 1 < τ 2 < . . . < τ K , such that t ≥ τ K . Let V t,τ k be the fraction of the inventory of shares of S held by investor A at time t that were purchased at time τ k . Then investor A's reference price for security S at time t is defined as follows:
We assume that the trades made at time t are included in computing the reference price for time t. This means that, if investor A traded security S at time t, then the last term in the above summation corresponds to τ K = t. This assumption is further discussed below where we describe our portfolio construction and evaluation methodologies. Note that V t,τ k is not observable to investor A. To see this, consider an example where investor A bought two shares of IBM at time τ 1 = 1, bought one more share of IBM at time τ 2 = 2, and sold one share at time 3. Suppose that investor A did not make any other trades in IBM. Then, at any time t > 3, investor A holds two shares of IBM. Since purchases of IBM shares were made at times 1 and 2, in this case Eq. (2) becomes
In order to unambiguously define V t,1 and V t,2 , the investor would have to decide whether the share sold at time 3 was one of the two shares bought at time 1 or the share bought at time 2. To remove this ambiguity, we always assume that such assignments are made using a FIFO (first-in-first-out) rule-i.e., that the first shares to be sold are the ones purchased the earliest. In our example, this would mean that the share that the IBM investor sold at time 3 was bought at time 1, implying that the share bought at time 2 is still being held at time t. Therefore, in this example, V t,1 = 1/2 and V t,2 = 1/2.
Computing the reference price using a LIFO (last-infirst-out) rule-i.e., that the first shares to be sold are the ones purchased the latest, leads to slightly lower monthly alphas than using FIFO but our main results stay the same.
The investment strategies considered in this paper involve computing the aggregate capital gains overhang at time t for the entire set of investors holding long positions in a particular security at that time. While the definitions of Eqs. (1,2) remain the same, now the weights V t,τ k , the prices P τ k , and the trading times τ k are not observable simply because there is no publicly available data on individual investors' trades. In this situation, these parameters can be estimated either from the observations of aggregate trading volumes or from the aggregated holdings data of investment companies, such as mutual funds which typically hold significant proportions of shares outstanding for many stocks. These two estimation strategies are discussed in the next two subsections.
B. Estimating the capital gains overhang from the turnover ratios
In our algorithms, the aggregate capital gains overhang needs to be computed for all the investors that hold shares of a particular security. None of the variables in the definition of the reference price in Eq. (2) are available to us: there is no public data identifying individual purchasers of securities, and therefore we do not know the trading times τ k , the corresponding purchase prices P τ k , and the corresponding weights V t,τ k . Following Grinblatt and Han [15] , we estimate the right-hand side of Eq. (2) from historical turnover ratios and prices. The turnover ratio T O [ti,t f ] for a security S over a time interval from t i to t f is defined as the ratio of the total trading volume over this time interval to the number of shares outstanding for security S. (Both the total trading volume and the number of shares outstanding are publicly available data.)
To construct our estimators, we assume the following probabilistic model for trading. We assume that each share held at time t could have been bought at any time during the time interval (−∞, t]. We partition this interval into subintervals I 0 , . . . , I M , and assume that every share outstanding gets traded at most once during each of these intervals, that every share has probability p Im to be traded during interval I m , and that all trades are independent.
To estimate the price at which a security is traded during interval I m , we use either the closing price for that interval or the average daily closing price for the interval (if the interval consists of more than one day). We denote our estimate of the price for interval I m bŷ P Im .
Since the turnover ratio T O Im is the number of shares actually traded during I m divided by the total number of shares outstanding, it follows that T O Im is a random variable whose expectation is equal to p Im . Therefore, the turnover ratio can be used as an empirical estimate of p Im . In fact, the law of large numbers implies that, under our modeling assumptions, this estimate is accurate for large numbers of shares outstanding. Note, however, that it is not feasible for us to estimate turnovers for each security since the time it started trading. We let I 0 = (−∞, t − T ] for some large T (in our simulations, T = 265 trading days). We use turnover estimates only for p I1 , . . . , p I M , and assume that p I0 = 1.
If our modeling assumptions are satisfied, then the turnover ratio can never exceed 1. However, in practice, it often happens that shares change hands more than once, even over short time periods. Therefore, it may happen that the total trading volume over some interval I m is larger than the number of shares outstanding. In this case, we truncate T O Im to 1.
Note that 1 − p Im is the probability that a share does not get traded during I m , i.e., that a share does not change owners during this time period. Our empirical
Let the current time be t, and select a fixed share of S. Let L(t, I m ) be the probability that this share was last traded during I m -i.e., that this share changed ownership once during time interval I m and has not changed ownership since then. According to our modeling assumptions, this probability is
The last equation stems from the fact that p I0 = 1 which means that every share is traded at least once with probability 1. As T O Im is our estimate of p Im for m = 1, . . . , M , these expressions for L(t, I m ) suggest estimating L(t, I m ) as follows:
To summarize, at time t,L(t, I m ) is the estimate of the fraction of the currently held shares that last traded during I m , andP Im is the estimate of the price at which they were traded. Therefore, the average price at which the currently held shares have been purchased is estimated as
This is our estimate for the reference price in Eq. (2) . Once the reference price at time t is estimated, the capital gains overhang for security S can be estimated as follows:ĝ
Note that these estimates may be very inaccurate if any of our modeling assumptions are violated. The most unrealistic assumption is that a share is traded at most once during each interval I m . Since we do not have intraday data, our interval durations are at least one day. The assumption that a share is traded at most once during a day may have been somewhat realistic a long time ago; however, this assumption has clearly been violated over the last few years due to the presence of many high-frequency traders whose trading combines to a very large percentage of the daily volume in many US stocks. In 2009, TABB Group estimated that about 70% of the U.S. equity trading dollar volumes, or 61% of share volumes, can be attributed to high-frequency trading [27] .
C. Estimating the capital gains overhang from mutual fund holdings
Frazzini [13] uses mutual fund holdings data to estimate the aggregate capital gains overhang. Even though this data is public as mandated by the SEC, we do not have access to it in a form that can be easily processed. We do have access to the Thomson S34 database of holdings of institutional investors through WRDS. We therefore apply Frazzini's estimation strategy to the holdings of institutional investors instead of the mutual fund holdings.
The database does not provide accurate filing dates; instead, the filing dates for all the institutional holdings reported in any calendar quarter are all set to the last trading date for that quarter. Let H τ k be the holdings for security S reported during the k-th quarter, aggregated over all the institutions in the database. In order to prevent any look-ahead bias, we make the following assumptions in our calculations:
• Between the last trading dates of quarters k and k +1, the aggregate holdings are constant and equal to H τ k . We denote these two dates by τ k and τ k+1 , respectively.
• All the trading necessary to change the aggregate holdings from H τ k to H τ k+1 happens on date τ k+1 and is done at that date's closing price, 1 which we denote P τ k+1 .
• We do not know the holdings H τ k until time t k + D k where, following Frazzini, we take the delay D k to be the number of trading days during the 30 calendar days immediately following day τ k .
Our dataset starts in January 1980 and ends in December 2013. We use positive integers to number the quarters, with k = 1 and k = 136 corresponding to the first quarter of 1980 and the last quarter of 2013, respectively. With this notation and the above assumptions, we would like to estimate the reference price given by Eq. (2), which we reproduce here for convenience:
Here, t is any time between τ K +D K and τ K+1 +D K −1, and V t,τ k is the fraction of shares in H τ K that were purchased on day τ k . Once an estimate RP t is computed, it is used to estimate the capital gains overhang via Eq. (8) .
In order to estimate the reference price, we estimate V t,τ k for k = 1, . . . , K as follows:
whereR t,τ k is an estimate of the number of shares purchased on day τ k and still held immediately after time τ K , calculated using a first-in-first-out (FIFO) rule. We describe this estimation procedure through an example. Suppose that K = 3, and that we would like to calculateV t,τ k for k = 1, 2, 3, for a particular stock. In order to keep this example simple, we suppose that there is no delay, i.e., D k = 0. Therefore, Eq. (10) yields:
Suppose further that the aggregate holdings for this stock, obtained from the Thomson S34 database, are:
Applying our assumptions described above, we obtain that 200 shares were purchased on day τ 1 , then 300 more shares were purchased on day τ 2 , and finally 100 shares were sold on day τ 3 . Thus, of the 500 shares held immediately after τ 2 , R τ2,τ1 = 200 were purchased on day τ 1 , (17) R τ2,τ2 = 300 were purchased on day τ 2 . (18) From Eq. (12), we therefore have:
Substituting these into Eq. 9, we have the following estimate of the reference price RP τ2 :
The FIFO rule dictates that all 100 shares sold on day τ 3 were bought on day τ 1 . Therefore, our estimates of the number of shares bought on days τ 1 , τ 2 , τ 3 and still held immediately after τ 3 are, respectively,
R τ3,τ2 = 300,
Note thatR τ3,τ3 = 0 since no shares were bought on day τ 3 . Using Eq. (13), we have the following estimates:
Substituting these into Eq. (9), we have the following estimate of the reference price RP τ3 :
Note that, once we have the estimatesR τ2,τ1 andR τ2,τ2 for time τ 2 of Eqs. (17, 18) , it is straightforward to obtain the estimatesR τ3,τ1 ,R τ3,τ2 , andR τ3,τ3 for time τ 3
// Inputs: 3: //R τ K−1 ,τ k = the number of shares bought 6: // on day τ k and still held on day τ K−1 ,
7:
// for k = 1, . . . , K − 1.
8:
// Outputs:
//R τ K ,τ k = the number of shares bought 10: // on day τ k and still held on day τ K , 11: // for k = 1, . . . , K.
12:
end for 15: if ∆ > 0 then // aggregate purchase on day τ K 16:
else // aggregate sale on day τ K 18:
while |∆| > 0 do 21: 
of Eqs. (21) (22) (23) . More generally, given any sequence of holdings H τ1 , . . . , H τ K and a sequence of estimateŝ
, there is a simple algorithm for findingR τ K ,τ1 , . . . ,R τ K ,τ K . The pseudocode for this algorithm (still assuming the delay D k = 0) is given in Figure 2 .
D. Cumulative abnormal return
Frazzini uses the cumulative abnormal return (CAR) as a measure of earnings news surprise. Although there exist many other ways to quantify the impact of earnings announcements, CAR is a popular choice due to its straightforward definition and easy computation.
Various definitions of CAR have been proposed in the literature since the 1980's, e.g., in [29] and [23] . Frazzini's definition of CAR is closely based on that of Ritter [23] . He defines CAR for security i on day t as follows:
where • r it is security i's one-day return on day t , • h is the most recent earnings announcement date before day t, • r mt is the CRSP equally weighted NYSE/AMEX/NASDAQ index return on day t . Note that the earliest time when CAR it can be computed is at the end of day h + 1.
E. Portfolio selection
Our stock universe for any given month includes every exchange-listed security that had a valid closing price at the end of that month. For each month, all the stocks in this universe are sorted by their capital gains overhangs in the increasing order and grouped into five quintiles. The stocks within each quintile are then sorted by their CARs and grouped into five quintiles, to produce a total of 25 portfolios. To perform the sorting, the most recently computed values of the CAR and capital gains overhang are used.
We define the following portfolios:
• "good-news": the top 20% of the stocks by CAR;
• "bad-news": the bottom 20% of the stocks by CAR;
• "gain/good-news": the top 20% of the stocks by CAR among the top 20% of the stocks by capital gains overhang; • "loss/bad-news": the bottom 20% of the stocks by CAR among the bottom 20% of the stocks by capital gains overhang; • "loss/good-news": the top 20% of the stocks by CAR among the bottom 20% of the stocks by capital gains overhang; • "gain/bad-news": the bottom 20% of the stocks by CAR among the top 20% of the stocks by capital gains overhang. Following Frazzini, we evaluate the overhang spread strategy which is long the gain/good-news portfolio and short the loss/bad-news portfolio. Each portfolio invests equal amounts into all its constituents, and all strategies are dollar-neutral-i.e., have zero net investment. For example, suppose that the gain/good-news and loss/badnews portfolios contain 100 stocks each, and consider the overhang spread strategy. Suppose that the strategy invests $100,000 into the gain/good-news portfolio. This means that the strategy holds a long position of $1000 in every name in the gain/good-news portfolio and a short position of $1000 in every name in the loss/bad-news portfolio.
Whenever we consider the profit-and-loss (PnL) stream of a long-short strategy, we assume that both the long and the short sides of the portfolio are rebalanced to the same initial dollar amount at the beginning of each month. For example, an overhang spread strategy portfolio that's $100,000 long the gain/good-news stocks at the beginning of January 1980 is assumed to be $100,000 long the gain/good-news stocks and $100,000 short the loss/bad-news stocks at the beginning of every month during the simulation period.
For each portfolio, the rebalancing happens once per calendar month, and all the trading to support the rebalancing is assumed to happen at the monthly closing prices. Our simulation window is 1980-2013. Portfolios are formed for the first time at the beginning of May 1980 due to the assumption that the first quarterly earnings report of 1980 becomes available to the investors at the end of April 1980.
F. Fama-French three-factor regression
Let the return of a security (or a portfolio of securities) at time t be r t , and let the risk-free return at time t be r f,t . The excess return of the security is defined as r t − r f,t . Fama and French [10] model the excess return of any security or portfolio using a linear combination of three factors: the excess market return r m,t − r f,t , a size factor, and a book-to-market ratio factor. The three factors are defined using the universe of stocks comprising all the NYSE, AMEX, and NASDAQ common stocks. The market return is the value-weighted return of all these stocks. The risk-free return is defined as the return of a one-month US T-bill. The remaining two factors are defined as follows.
• The size factor at time t is denoted SM B t ("small minus big") and is computed as the difference between the returns of two equal-weighted portfolios: the lowest 50% and the highest 50% of the stocks in the universe by market capitalization.
• The book-to-market factor at time t is denoted by HM L t ("high minus low book-to-market ratio") and is computed as the difference between the returns of two equal-weighted portfolios: the highest 30% and the lowest 30% of the stocks in the universe by book-to-market ratio. The Fama-French three-factor model represents the excess return of a security (or a portfolio) r t − r f,t at time t as follows:
where α, β m , β s , and β h are model parameters which depend on the security being modeled but assumed to be independent of time t, and where t is a zeromean random process uncorrelated with the three factors.
Linear regression can be used to estimate the model parameters from historical data of r t , r f,t , and the three factors.
When we use this model in conjunction with monthly portfolio rebalancing strategies, all the returns in the model and in the factor definitions are monthly returns.
If β s and β h are set to zero, the result is an older single-factor model which forms the basis for the Capital Asset Pricing Model (CAPM) developed in the 1960's by Sharpe, Lintner, Mossin, and Treynor [20] , [25] .
Since α of a portfolio is its excess return unexplained by the market return, size, or the book-to-market factor, it is often used to characterize the performance of the portfolio.
To compute the alpha and betas of a long-short portfolio, we split it into two portfolios one of which has only short positions and the other has only long positions. We then separately compute the alpha and betas of these two portfolios and add them up to obtain the alpha and betas of the long-short portfolio. For example, the alpha of the long-short portfolio is the sum of the alphas of the short portfolio and of the long portfolio.
G. Data description
We use the CRSP NYSE/AMEX/NASDAQ monthly stock data from 1980 to 2013 to get the monthly returns and partial month returns. If a company happens to be delisted in the middle of a month, then its month-end price does not exist. In this case, a partial-month return replaces the monthly return for the last month. After that month, the delisted company does not participate in the portfolio selection process. Stocks may have missing monthly returns due to temporary off-exchange events or unknown previous month-end prices. We set the monthly return for these stocks to a complete loss.
As described in Section II-D, earnings report dates are required in order to compute the CAR variables. To get the earnings report dates for each company, the Compustat Fundamentals quarterly database is used. We use the Compustat-CRSP merged database to get the correspondences between the CRSP and Compustat identifiers. The computation of CAR involves daily returns on several days around the earnings report date. To get these returns, we use the CRSP daily stock database.
To support the turnover-based estimation of the capital gains overhang, we use CRSP to get the daily prices, daily turnover, and number of shares outstanding from January 1980 to December 2013.
We take the values of the Fama-French monthly factors from Prof. Kenneth French's website.
For the holdings-based estimation of the capital gains overhang, we use the Thomson Reuters S34 database which includes the holdings reports submitted by banks, insurance companies, investment companies, etc. Table I reports the monthly alphas of the overhang spread strategies for 1980-2013. Recall from Section II-E that the overhang spread strategy is long the gain/goodnews stocks and short the loss/bad-news stocks. The holdings-based strategy has a monthly alpha of 1.4%. The turnover-based strategy has a monthly alpha of 2.0%.
We further analyze these strategies by computing their average monthly profit and the Sharpe ratio under a number of practical assumptions. We let P nL t be the profit and loss for month t, and T be the number of months in the simulation period. Then the average monthly PnL, the sample standard deviation, and the monthly Sharpe ratio, denoted by P nL, σ P nL , and SR, respectively, are defined as follows:
In all our experiments, we assume that the overhang spread portfolio starts out every month by being $1 long the gain/good-news stocks and $1 short the loss/badnews stocks. We conduct two sets of experiments: without any transactions costs, and with transactions costs of 10 basis points. The latter assume that any portfolio rebalancing incurs a loss of 10 basis points, or 0.1%, of the total amount traded. Table II shows the average monthly PnLs and the annualized Sharpe ratios for the holdings-based and turnover-based overhang spread strategies for 1980-2013. The annualized Sharpe ratio is defined as √ 12 times the monthly Sharpe ratio. Both strategies are profitable and negatively correlated with the market (even under the assumption of 10bp transaction costs), with the turnover-based strategy achieving slightly higher average profits and Sharpe ratios. In the remainder of the paper, we present results for the holdings-based overhang spread strategy only. Similar results hold for the turnover-based strategy. Table III reports the average monthly PnLs and the annualized Sharpe ratios for the holdings-based overhang spread strategy applied to several universes of stocks. The universes are constructed by keeping only the stocks whose market capitalization at the time of portfolio formation is above a certain threshold. Note that for each universe, the strategy is profitable (even under the assumption of 10bp transaction costs), and is negatively correlated with the market. Table IV reports the average monthly PnLs and the annualized Sharpe ratios for the universes of 1000 and 2000 largest market capitalization stocks, and for all the stocks for 1980-2013. Table V reports the annualized Sharpe ratios for only those stocks from the universes of Table IV whose price exceeds $10 at the time of portfolio formation. The strategies in these tables also consistently show profitability and negative correlation with the market.
IV. DISPOSITION EFFECT VS. MOMENTUM
Momentum strategies form a well-known class of investment models [17] . These are based on the assumption that the current price trend will continue for some time. The overhang spread strategy uses the capital gains 
where P t is the closing price at time t and RP t is the reference price at time t. We define a momentum variable as the k-month return at time t:
We use k = 1, 3, 6, 12 months in our experiments. In this section, we investigate whether or not there are similarities between the capital gains overhang variable and momentum indicators. First, we form portfolios based on each, combined with the CAR variable, and compute the sample correlation coefficient between the PnLs of the portfolios. Second, we compare the average PnLs and the Sharpe ratios of these portfolios. All the overhang spread strategies documented in this section are dollar-neutral strategies that are $1 long the gain/goodnews stocks and $1 short the loss/bad-news stocks at the beginning of each month, as described in Section II-E.
A. The similarity between capital gains overhang and momentum
In the first test, two portfolios are compared. The first portfolio uses the capital gains overhang and the other uses the momentum variable. This test aims to find out how closely the portfolio formed using the momentum variable can match the monthly PnLs of the overhang spread strategy that uses the capital gains overhang variable.
Table VI reports the sample correlation coefficients between the monthly PnLs of the portfolios based on the capital gains overhang variable and the portfolios based on the momentum variable, for various definitions of the momentum variable. The correlation coefficients between the gain/good-news portfolios for the 1980-2013 are greater than 90% for window sizes k = 3, 6, 12. The greater the window size, the larger the correlation coefficient. The correlation coefficients for the loss/badnews portfolios are even closer to 100%. These statistics establish a strong co-movement between the portfolios based on the capital gains overhang and on the past winners for 1980-2013. Table VII shows that the momentum-based overhang spread strategies with window sizes of 6 and 12 months have higher average PnLs than the overhang spread strategy based on the capital gains overhang variable.
The portfolio values of a self-financing buy-and-hold gain/good-news portfolio are plotted for the capital gains overhang and various definitions of the momentum variables in Figure 3 . The initial investment of $1 is made on April 30, 1980 and the portfolios are rebalanced every month-end under the assumption that the market is frictionless. We assume here that all profits get fully reinvested into the portfolio-this is different from all our previous experiments which assumed a $1 investment at the beginning of every month. Figure 3 shows that M OM 6 and M OM 12 significantly outperformed the gain/good-news portfolio based on the capital gains overhang during 1980-2013.
V. CONCLUSIONS
We construct a number of trading strategies based on the capital gains overhang and momentum. We use the US stock market data to show that these strategies were consistently profitable during 1980-2013, and negatively correlated with the market. These conclusions hold even after eliminating small-cap and small-price stocks that may be difficult to trade, and after introducing a realistic trading cost for every transaction. We find a high empirical correlation between the strategies based on momentum and on the capital gains overhang, and that the former achieve superior historical returns. Since momentum-based strategies do not involve the complicated step of estimating the reference price, they are also easier to implement. These results also suggest that, rather than measuring the disposition effect, the capital gains overhang may simply be a proxy for momentum. Our findings would be of interest to portfolio managers, quantitative traders, researchers who analyze financial signals, as well as ordinary investors seeking to avoid common investor biases.
